This article introduces a previously undescribed method progressively visualizing the evolution of a knowledge domain's cocitation network. The method first derives a sequence of cocitation networks from a series of equal-length time interval slices. These time-registered networks are merged and visualized in a panoramic view in such a way that intellectually significant articles can be identified based on their visually salient features. The method is applied to a cocitation study of the superstring field in theoretical physics. The study focuses on the search of articles that triggered two superstring revolutions. Visually salient nodes in the panoramic view are identified, and the nature of their intellectual contributions is validated by leading scientists in the field. The analysis has demonstrated that a search for intellectual turning points can be narrowed down to visually salient nodes in the visualized network. The method provides a promising way to simplify otherwise cognitively demanding tasks to a search for landmarks, pivots, and hubs.
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T he primary goal of knowledge domain visualization (KDViz) is to detect and monitor the evolution of a knowledge domain (1) . Progressive knowledge domain visualization is specifically concerned with techniques that can be used to identify temporal patterns associated with significant contributions as a domain advances.
Many aspects of a scientific field can be represented in the form of a scientific network, such as scientific collaboration networks (2) , social networks of coauthorship (3), citation networks (4) , and cocitation networks (5) . Scientific networks constantly change over time. Some changes are relatively moderate; some can be dramatic. Understanding the implications of such changes is essential to everyone in a scientific field.
Researchers have been persistently searching for underlying mechanisms that may explain various changes and patterns in scientific networks. On the other hand, this is an ambitious and challenging quest because of the scale, diversity, and dynamic nature of scientific networks that one has to deal with. In this article, we introduce a previously undescribed method designed to reduce some of the complexities associated with identifying key changes in a knowledge domain. We focus on cocitation networks, although we expect that the method is applicable to a wider range of networks.
The key elements of the method draw their strength from a divide-and-conquer strategy. A time interval is divided into a number of slices, and an individual cocitation network is derived from each time slice. The time series of networks are merged. Major changes between adjacent slices are highlighted in a panoramic visualization of the merged network. The primary motivation of the work is to simplify the search for significant papers in a knowledge domain's literature so that one can search for visually salient features, such as landmark nodes, hub nodes, and pivot nodes, in a visualized network. The entire progressive visualization process is streamlined and implemented in a computer system of the author called CITESPACE.
The rest of this paper is organized as follows. We first review prior studies of the growth of a knowledge domain and then identify the key issues to be addressed by our method. The progressive visualization method is described and illustrated with an example in which we identify intellectual turning points in the field of superstring in theoretical physics. Identified articles associated with visually salient features are validated with the leading scientists in the field of superstring.
Related Work
Two strands of research are relevant. The focus of our research can be expressed in two key questions. How does a scientific field grow? What has been done for visualizing temporal patterns, especially in relation to network evolution?
Scientific Revolutions
The most widely known model of science is Thomas Kuhn's Structure of Scientific Revolutions (6) , in which science is characterized by transitions from normal science to science in crisis and from crisis to a scientific revolution. Kuhn's theory suggests that scientific revolutions are a crucial part of science. The notion of paradigm shift is widely known in virtually all scientific disciplines. Kuhn's model has generated profound interest in detecting and monitoring paradigm shifts through the study of temporal patterns in cocitation networks. Small (7) identified and monitored the changes of research focus in collagen research in terms of how clusters of most cocited articles change over consecutive years. Small's study predated many modern visualization techniques. However, the representations of cocitation clusters were isolated from one year to another; significant temporal patterns or transitions may go unnoticed if they fall between the clusters from different years.
In our earlier work (8), we used animated visualization techniques to reconstruct citation and cocitation events in their chronological order so that one can examine the growth history of a domain in a broader context in a similar way to how we play a video in a fast-forward mode. The animated visualization enabled us to identify paradigm-like clusters of cocited articles corresponding to significant changes in the field of superstring, the same topic we will revisit with our method, but the visual features of some of the groundbreaking articles were not distinct enough to lend themselves to a simple visual search. Our earlier methodology did not include time slicing, multiple thresholding, and merging. One of our main objectives is therefore to improve visualization techniques so that groundbreaking articles can be characterized by distinguishable visual features.
The concept of a research front is also relevant to how science grows. A research front consists of transient clusters of most recently cited works in the literature of a scientific field (9) . A research front represents the state of the art of a field, and research fronts move along with the underlying scientific field as new articles replace existing articles.
The recent interest in complex network analysis is a potentially fruitful route to improve our understanding of scientific networks as well as general networks (10) . Studies in complex network analysis, especially in relation to small-world and scalefree networks, focus on two broad issues, namely topological properties and generative mechanisms of networks. Various growth models such as preferential attachment (10) (11) (12) have been developed in the study of network evolution. However, much of the work has concentrated on abstract network representations rather than on concrete networks and their practical implications. We emphasize the integral role of the semantics of such networks in understanding the profound dynamics of network evolution. We expect that the progressive method described in this article can provide a useful instrument for examining the evolution of a scientific network, and that the concrete example of network evolution can lead to insights into a broader range of networks.
Visualizing Temporal Patterns
A good example of visualizing thematic changes in a collection of text documents is THEMERIVER (13) , which uses the metaphor of a thematic river to depict temporal changes of word frequencies. An intensified theme can be identified if one can detect increasingly widened word frequency streams. This is a relatively straightforward task, given that one needs only to tell how much the width of a stream changes over time. In contrast, it is often much more complicated to detect temporal patterns in higherdimensional data or higher-order relationships.
A number of methods such as INDSCAL (14) , PROCRUSTES analyses (15) , and thin-plate splines and deformation analysis (16) can be used to compare dimensional representations. PROCRUSTES analysis, for example, aligns two configurations by stretching and rotating operations so that the remaining differences are where the two configurations really differ. Similarly, thin-plate display renders the difference between two configurations as a deformed plate. The degree of the deformation indicates the extent to which the two configurations differ. Such methods are efficient in detecting local and short-range discrepancies between two almost identical configurations, but the performance degrades if the discrepancies are long range in nature or a substantial part of the configurations is involved. In KDViz, we need to consider both short-and long-range changes between two adjacent snapshots of a domain, although few empirical studies have examined these techniques in the context of KDViz.
A network can change over time in various ways and can change its topology by adding new nodes and links as well as removing existing nodes and existing links. A network can also change the intrinsic attributes of its nodes and links; for example, citations of articles in a cocitation network tend to increase over time.
Much of the existing approaches to visualizing the evolution of a network falls into one of two categories: the slide-show and panorama approaches. Just like in a slide show, the former aims to highlight the changes as the viewer moves forward, sometime back and forth, in a time series of snapshots. The latter aims to pack synthesized temporal changes into a single image.
The slide-show approach has several advantages, including being easy to implement and flexible to use. This approach often provides additional visual aids to help viewers identify changes between adjacent snapshots. Recent examples include the visualization of how a discourse evolves as a network of words (17) and the visualization of semantic structures across different time planes (18) . However, research in perceptual cognition has shown that comparing two images back and forth can be cognitively vey demanding and prone to error.
The panorama approach aims to depict temporal as well as spatial changes in such a way that viewers can detect a trend or a pattern by studying a single image. This approach could minimize the disturbance to the viewer's mental model (19) . Related work in this area includes incremental graph drawing (20) and the timed network display function in PAJEK (21) . Our earlier work on using animated visualization techniques to depict temporal changes in a cocitation network also belongs to this category (8) .
Progressive Visualization Issues
A progressive visualization method aims to visualize the evolution of a network over time. The following three issues need to be addressed for visualizing time-sliced networks: (i) Improving the clarity of individual networks; (ii) highlighting transitions between adjacent networks; and (iii) identifying potentially important nodes.
The first issue is concerned with the clarity of individual networks' representations. One of the major aesthetic criteria established by research in graph drawing is that link crossings should be avoided whenever possible. A network visualization with the least number of edge crossings is regarded as not only aesthetically pleasing but also more efficient to work with in terms of the performance of relevant perceptual tasks (22) . The number of link crossings may be reduced by pruning various links in a network. Minimum spanning trees and Pathfinder network scaling are commonly used algorithms. The major advantages and disadvantages of these scaling techniques are further analyzed below.
The second issue is concerned with progressively merging two adjacent networks, so that one can identify which part of the earlier network is persistent in the new network, which part of the earlier network is no longer active in the new network, and which part of the new network is completely new. Much of the novelty of our method is associated with the way we address this issue.
The third issue is concerned with the role of visually salient features in simplifying search tasks for intellectual turning points. Visually salient nodes include landmark nodes, pivot nodes, and hub nodes.
Issue 1: Improving the Clarity of Networks
Cocitation networks often have a vast number of links, and displaying links indiscriminately is the primary cause of clutter. There are two general approaches to reduce the number of links in a display: threshold-and topology-based approaches. In the threshold-based approach, the elimination of a link is determined solely by whether the link's weight exceeds a threshold. In contrast, in a topology-based approach, the elimination of a link is determined by a more extensive consideration of intrinsic topological properties; therefore, such approaches tend to preserve certain topological intrinsic properties more reliably, although the computational complexity tends to be higher.
Pathfinder network scaling is originally developed by cognitive scientists to build procedural models based on subjective ratings (23) (24) (25) . It uses a more sophisticated link-elimination mechanism compared to minimum spanning tree (MST) and can remove a large number of links and retain the most important ones. Given a network, one can derive a unique Pathfinder network that contains all of the alternative MSTs of the original network. MST is increasingly a strong candidate in a series of KDViz studies (8, (26) (27) (28) .
The goal of Pathfinder network scaling, in essence, is to prune a dense network. The topology of a Pathfinder network is determined by two parameters, r and q. The r parameter defines a metric space over a given network based on the Minkowski distance so that one can measure the length of a path connecting two nodes in the network. The Minkowski distance becomes the familiar Euclidean distance when r ϭ 2. When r ϭ ϱ, the weight of a path is defined as the maximum weight of its component links, and the distance is known as the maximum value distance.
Given a metric space, a triangle inequality can be defined as follows,
where w ij is the weight of a direct path between i and j, wn k n k ϩ 1 is the weight of a path between n k and n k ϩ 1 , for k ϭ 1, 2, . . . , m. In particular, i ϭ n 1 and j ϭ n k . In other words, the alternative path between i and j may go all the way around through nodes n 1 , n 2 , . . . , n k , so long as each intermediate links belong to the network. If w ij is greater than the weight of alternative path, then the direct path between i and j violates the inequality condition. Consequently, the link i-j will be removed, because it is assumed that such links do not represent the most salient aspects of the association between the nodes i and j.
The q parameter specifies the maximum number of links that alternative paths can have for the triangle inequality test. The value of q can be set to any integer between 2 and N -1, where N is the number of nodes in the network. If an alternative path has a lower cost than the direct path, the direct path will be removed. In this way, Pathfinder reduces the number of links from the original network, whereas all of the nodes remain untouched. The resultant network is also known as a minimumcost network.
The strength of Pathfinder network scaling is its ability to derive more accurate local structures than other comparable algorithms, such as multidimensional scaling and minimum spanning tree. However, the Pathfinder algorithm is computationally expensive; the published algorithm is in the class of O(N 4 ). KDViz approaches built on the Pathfinder network scaling algorithm have a potential bottleneck if one needs to deal with large networks. The maximum pruning power of Pathfinder is achievable with q ϭ N -1 and r ϭ ϱ; not surprisingly, this is also the most expensive one, because all of the possible paths must be examined for each link. In addition, the algorithm requires a large amount of memory to store the intermediate distance matrices. This is the first of the three issues our method is to deal with. The method follows a divide-and-conquer strategy.
Issue 2: Merging Heterogeneous Networks
The second issue identified above is concerned with progressively merging two temporally adjacent networks. Depending on the nature of a knowledge domain, networks to be merged could be heterogeneous as well as homogeneous in terms of intrinsic topological properties and additional attributes of nodes and links. For example, intellectual structures of a knowledge domain before and after a major conceptual revolution are likely to be fundamentally different as new theories and evidence become predominant. Cocitation networks of citation classics in a field are likely to differ from cocitation networks of newly published articles. The key question is, what is the most informative way to merge potentially diverse networks?
A merged network needs to capture important changes over time in a knowledge domain's cocitation structure. We need to find when and where the most influential changes took place so that the evolution of the domain can be characterized and visualized. Few studies in the literature investigated network merge from a domain-centric perspective. The central idea of our method is to visualize how different network representations of an underlying phenomenon can be informatively stitched together.
Issue 3: Visually Salient Nodes in Merged Networks
The third issue addressed by our method is concerned with the identification of potentially important articles in a cocitation network. The importance of a node in a cocitation network can be quickly identified by the local topological structure of the node and by additional attributes of the node. We are particularly interested in three types of nodes: (i) landmark, (ii) hub, and (iii) pivot nodes (see Fig. 1) .
A landmark node has extraordinary attribute values. For example, a highly cited article tends to provide an important landmark regardless of how it is cocited with other articles. Landmark nodes can be rendered by distinctive visual-spatial attributes such as size, height, or volume. A hub node has a relatively large node degree; a widely cocited article is a good candidate for significant intellectual contributions. A highdegree hub-like node is also easy to recognize in a visualized network. Both landmark and hub nodes are commonly used in network visualization. Although the concept of pivot nodes is available in various contexts, the way they are used in our method is previously undescribed. Pivot nodes are joints between different networks; they are either the common nodes shared by two networks or the gateway nodes that are connected by internetwork links. Pivot nodes have an essential role in our method.
Methods
The method includes the following procedural steps: time slicing, thresholding, modeling, pruning, merging, and mapping. Although pruning is not always necessary, it is a potentially valuable option when dealing with a dense network. All steps are implemented in CITESPACE.
Procedure. The input to CITESPACE is a set of bibliographic data files in the field-tagged Institute for Scientific Information Export Format. The outputs of CITESPACE include visualized cocitation networks; each network is shown in a separate interactive window interface.
Time Slicing. The entire time interval can be sliced into equallength segments. The length of each segment can be as short as a year or as long as the entire interval. If appropriate data become available, it is possible to slice the data thinner to make monthly or weekly segments. Currently, sliced segments are mutually exclusive, although overlapping segments could be an interesting alternative worth exploring. Thresholding. Citation and cocitation analysis typically sample the most highly cited work, the cream of crop, with a single constant threshold. However, a single constant threshold is a crude sampling mechanism if the citation patterns over an extended period are being considered. By default, both citations and cocitations are calculated within each time slice, as opposed to across all time slices.
Time slicing provides the flexibility to tailor a threshold more closely to the characteristics of citation and cocitation activities in each individual time slice. This flexibility is expected to reduce the bias associated with a single one-size-fits-all threshold. One can even compare and merge two very different networks within this framework, for example, a network of articles from Nobel Prize-winning scientists and a network of technical reports. The key questions are: what is the common ground between two networks? How can one extract insights into the internetwork relationship from such common ground? A flexible threshold configuration can find a common ground more easily.
The cocitation network in a given time slice is determined by three thresholds: citation, cocitation, and cosine coefficient thresholds. In CITESPACE, the user needs to select desired thresholds for three specific time slices, namely the beginning, middle, and ending slices. CITESPACE automatically assigns interpolated thresholds to the remaining slices. In practice, the user starts with an arbitrary threshold configuration and then adjusts thresholds accordingly based on the reported statistics such as the citation population and the numbers of nodes and links in a network.
In the citation world, articles are not created equal. Some articles have much more than their fair share of citations, some have less, and some have none at all. Citations depend on many underlying factors. For example, success breeds success; a highly cited article is likely to receive more citations than a currently less frequently cited article. To detect intellectual turning points, we are particularly interested in articles that have rapidly growing citations. In the following superstring example, we use a simple model to normalize the citations of an article within each time slice by the logarithm of its publication age, the number of years elapsed since its publication year. The rationale is to highlight articles that increased most in the early years of publication. More sophisticated models can be derived based on citation distribution models of a given dataset and a model of the growth and decay of scientific citations (29) . Building such models is significant and challenging in its own right. Alternative measures of cocitation strengths are available in the information science literature, such as Dice and Jaccard coefficients. In earlier studies, we used Pearson's correlation coefficients. Recently, researchers began to examine how Pearson's correlation coefficients transform the underlying structure of a cocitation network (30) , but available evidence is still inconclusive (31, 32) . Although the impact of various cocitation metrics on the resultant network visualizations is worth pursuing, the topic is beyond the scope of this article.
Pruning. Effective pruning can reduce link crossings and improve the clarity of the resultant network visualization. CITESPACE supports two common network-pruning algorithms, namely Pathfinder and minimum spanning tree. The user can select to prune individual networks only or the merged network only or to prune both. Pruning increases the complexity of the visualization process. In the following section, visualizations with local pruning and global pruning are presented.
In this article, we concentrate on Pathfinder-based pruning. To prune individual networks with Pathfinder, the parameters q and r were set to N k -1 and ϱ, respectively, to ensure the most extensive pruning effect, where N k is the size of the network in the kth time slice. For the merged network, the q parameter is (⌺N k )-1, for k ϭ 1, 2.
Merging. The sequence of time-sliced networks is merged into a synthesized network, which contains the set union of all nodes ever to appear in any of the individual networks. Links from individual networks are merged based on either the earliest establishment rule or the latest reinforcement rule. The earliest establishment rule selects the link that has the earliest time stamp and drops subsequent links connecting the same pair of nodes, whereas the latest reinforcement rule retains the link that has the latest time stamp and eliminates earlier links.
By default, the earliest establishment rule applies. The rationale is to support the detection of the earliest moment when a connection was made in the literature. More precisely, such links mark the first time a connection becomes strong enough with respect to the chosen thresholds.
Mapping. The layout of each network, either individual timesliced networks or the merged one, is produced by using Kamada and Kawai's algorithm (33) . The size of a node is proportional to the normalized citation counts in the latest time interval. Landmark nodes can be identified by their large discs. The label size of each node is proportional to citations of the article, thus larger nodes also have larger-sized labels. The user can enlarge font sizes at will, and both the width and the length of a link are proportional to the corresponding cocitation coefficient. The color of a link indicates the earliest appearance time of the link with reference to chosen thresholds.
Visually salient nodes such as landmarks, hubs, and pivots are easy to detect by visual inspection. CITESPACE currently does not include any algorithms to detect such nodes computationally. Instead, the visual effect is a natural result of slicing and merging, although additional computational metrics may enhance the visual features even further. A useful computational metric should reflect the degree of a node, and it should also take into account the heterogeneity of the node's links. The more dissimilar links a node connects to others, the more likely the node has a pivotal role to play. In the following example, we consider only nodes that have a degree of 10 or higher for visual inspection.
Superstring. The method is applied to the visualization of how cocitation networks of superstring in theoretical physics evolved over time. Two superstring revolutions are documented over the last two decades: one in the mid-1980s and one in the mid-1990s (34) . We reported animated visualizations of the superstring cocitation networks by using a single constant citation threshold, and Pearson's correlation coefficients were used to measure the strength of each cocitation link. The changes of the cocitation network were animated by the growing height of a citation bar and as a state transition process. Although key articles to the revolutions were identifiable in the resultant animations, they did not quite lend themselves to a simple visual inspection. We expect that the progressive visualization method can make it more easily to identify intellectual turning points by visual inspection. The superstring dataset in this study is updated to include citation data between 1985 and 2003. Visualized networks were validated by the leading scientists in the field of superstring. We showed the merged map, without pruning, to John Schwarz (California Institute of Technology, Pasadena) and Edward Witten (Princeton University, Princeton). Schwarz is the coauthor of the article that triggered the first superstring revolution; Witten has written a number of highly cited articles on superstring and is also the top-ranked physicist in a list of the 1,000 physicists most cited between 1981 and 1997. The list was compiled by the Institute for Scientific Information, who were asked to explain the nature of intellectual contributions identified by pivot points and hubs in the networks.
The 19-year time interval was sliced into six 3-year segments, starting from 1985-1987 and ending with 2000-2002, plus a 1-year segment for 2003. Two sets of results were generated from two separate runs: one used relatively higher-threshold settings, which resulted in small networks (Table 1) ; the other used lower-threshold settings for larger networks (Table 2) . Two versions of the larger network are shown: one without global pruning (Fig. 3 ) and the other with global pruning (Fig. 4) . Links were color-coded by the earliest establishment rule. Darker colors indicate links from earlier time slices, whereas lighter colors indicate links from more recent slices. Networks in individual time slices are not shown due to page limitations. Table 1 shows the size of the cite space and details of individual networks and the merged network. The size of the cite space in a given time slice is the number of articles that have at least one citation within the given time slice; the size is generally increasing over time. The size for 2003 is smaller, because the 2003 data are still incomplete. The merged network contains 82 articles, and various pivot points are evident at a glance (Fig. 2) . Table 2 shows the threshold setting for a sequence of larger networks. The cocitation network in each time slice represents approximately the top 1% most cited articles. The merged network contains 647 unique articles, which collectively made 1,097 appearances in these time slices. In other words, 41% of articles appeared in more than one time slice. The locally pruned version of the merged network is shown in Fig. 3 ; the globally pruned version is shown in Fig. 4 . As shown in Fig. 3 , color-coded links in effect partitioned the merged network into several major clusters of articles. Clusters of the same color represent cocitations made within the same time slice. More importantly, as we expected, within-cluster cocitation links are evidently more common than betweencluster links. A strongly clustered network also makes it easy to identify pivot nodes and between-cluster links. Six structurally strategic nodes are identified in Fig. 3 , including the 1984 Green-Schwarz article, which triggered the first superstring revolution. However, the 1995 Polchinski article that triggered the second superstring revolution was not obvious in the dense visualization; Polchinski introduced the fundamental concept of D-branes in that article.
Results
The 1984 Green-Schwarz article is a typical pivot node; it is the only contact point between two densely connected clusters in blue (1985) (1986) (1987) . It was this article that sparked the first superstring revolution, the famous 1984 Green-Schwarz anomaly cancellation paper. Friedan's 1986 article is a distinct pivot node connecting blue (1985) (1986) (1987) , pink (1988) (1989) (1990) , and green clusters (1991) (1992) (1993) ). Witten's 1986 article is a pivot between a blue cluster (1985) (1986) (1987) ) and a yellow cluster (2000) (2001) (2002) . Fig.  3 also contains a couple of smaller clusters that are completely isolated from the main super cluster. Small clusters in red (2003) indicate the candidates for emerging clusters. We were able to find Polchinski's 1995 article in a smaller-sized merged network, but the article must be overwhelmed by the 4,000 strong links of the larger network. Nevertheless, the quality of the visualized network is promising: intellectually significant articles tend to have topologically unique features.
Articles by Maldacena, Witten, and Gubser-KlebanovPolyako, located toward the top of the major network component, were all published in 1998. When we asked Witten to comment on an earlier version of the map, in which citation counts were not normalized by years since publication, he indicated that the Green-Scharwz article is more important to the field than the three top-cited ones, and that the earlier articles in the 1990s appeared to be underrepresented in the map. The apparent mismatch between citation frequencies of nodes and their importance judged by domain experts was partially corrected in the network shown in Fig. 2 . Witten's comments raised an important question: is it possible that an intellectually significant article may not always be the most highly cited? Fig. 4 shows the merged network pruned by Pathfinder; the pruned version contains fewer links than the version in Fig. 3 . Much of the within-cluster links is reduced to links between cluster centers and other cluster members. Links between noncenter members are essentially removed. The overall structure is simpler and easier to explore. In addition, the number of link colors attached to a node distinguishes a pivot node from a nonpivot node. If a node connects to other nodes through links in a single color, it is not regarded as a pivot node, because it does not imply intellectual transitions over time. In contrast, if a node joins several different-colored links, it is a good candidate for an intellectual turning point, because if paths connecting articles in different clusters must go through a pivot point, the pivot point is likely to have a unique position in the literature.
The Green-Schwarz article is located toward the center of the visualization; it joins links from four different time slices. The 1995 article by Candelas et al. is similar in terms of the link colors. According to Institute for Scientific Information's Science Citation Report (1981-1998), Candelas et al. 's article has a total of 1,538 citations during that period, and its average annual citation is 110. The 1995 Polchinski article can be easily found at the lower center of the map; according to Schwarz, it explained the concept of D-branes, a crucial ingredient in almost all modern string theory research. It appears to be more of a hub than a pivot node, connected by links of only two colors, brown (1997) (1998) (1999) and yellow (2000) (2001) (2002) . To the left of Polchinski's article is a cluster centered by the 1998 Maldacena article. Schwarz noted that in this article, Maldacena made a major new discovery that in certain circumstances relates string theories to quantum field theories.
The comments from domain experts have confirmed that both versions of the merged network indeed highlight significant articles, and these articles tend to have unique topological properties that distinguish them from other articles. The globally pruned version is easier to explore than the local-pruning-only version.
Discussion
The results are particularly encouraging because the presence of pivot nodes enables us to narrow down the visual search quickly to a small number of good candidate nodes for intellectual turning points. An easy identification of such turning points is an important and necessary step toward effective detection of paradigmatic changes in a knowledge domain. The small network is particularly clear, containing both turning points. The larger network without pruning is cluttered, although it is still possible to identify several pivot points.
The interpretation and validation of the visualizations have greatly benefited from help from leading scientists in the knowledge domain. The work has also shown that using a variable threshold could be a potentially good practice for citation analysis in general.
In comparison to our earlier visualization of the superstring cocitation network (8) , this method tends to produce more distinct visual features for key articles. More importantly, such visual features appear to be independent to the amount of citations of a node. In other words, a lower citation rate is not necessarily preventing a node from having salient visual features, suggesting that cocitations must have played a greater role. Pivot nodes can be identified even if they have relatively fewer citations. This could be a particularly useful feature for the detection of significant articles that could be easily overlooked by falling below a single high-citation threshold.
The 1984 Green-Schwarz article for the first revolution is a typical pivot node, whereas the 1995 Polchinski article for the second revolution is more of a hub than a pivot node. This finding suggests that before we have further evidence, it would be sensible to examine both types of visualizations, pruned and unpruned, in a study of intellectual turning points.
In comparison to other methods for detecting changes of networks over time, our approach simplifies cognitively demanding tasks of comparing a sequence of network snapshots. The progressive visualization method allows us to focus on much simpler tasks of locating pivot nodes and cluster centers. The color-coded links enables the user to trace temporal patterns through the network visualization.
The progressive visualization method introduced here has practical implications. It provides scientists with a roadmap of their own field. Witten commented, ''It was fun to look at it.'' A longstanding challenge is to be able to visualize cocitation networks of a domain as quickly as new bibliographic data become available so that one can monitor the changes of a domain more closely on a monthly or even weekly basis. The approach provides a practical starting point. Users have the flexibility to slice a time interval into smaller as well as larger segments.
Using overlapped time slices could be a valuable alternative to explore in future studies. Currently, adjacent time slices are mutually exclusive to highlight the magnitude of a potentially important change, whereas overlapping slice segments may blur such changes and make them less obvious to detect.
An unsolved issue is concerned with the detection of abrupt changes in citations within a short period. We normalized the citations of an article by its publication age. Additional metrics of pivot nodes should augment the power of visual inspection even further. Knowledge discovery and data-mining techniques, such as Kleinberg's burst-detection technique (35) , are expected to play a substantial role in identifying a paradigm shift.
Finally, the role of domain experts in KDViz needs to be further investigated. Experts in the fields are the best sources to seek validations and interpretations. On the other hand, one should also use domain visualizations with caution; and it should be made clear that algorithmically generated domain visualizations, however crafted, merely portray the complexity of an underlying domain from a limited perspective. If KDViz can stimulate scientists to look at their own field from a different perspective and pose new questions about the evolution of their domain, KDViz will ultimately become a practical tool to study science itself.
Conclusion
The progressive KDViz method simplifies the tasks of tracking significant changes of a knowledge domain's cocitation network over time. Cognitively demanding tasks of comparing complex networks back and forth are simplified to tasks of locating pivot points and cluster centers in visualized networks.
The divide-and-conquer strategy maximizes the strengths of algorithms and reduces the influence of their weaknesses. The cosine cocitation coefficients are effective enough to pick up the most intellectually significant articles, whereas the Pathfinderenhanced version improved the quality even further.
CITESPACE provides an experiment platform to investigate new ideas and compare existing approaches. We plan to make a further refined version of CITESPACE available in the near future to researchers, practitioners, and educators in various disciplines and obtain their first-hand experience in capturing the changes of their own domains.
Further studies and in-depth case studies of progressive KDViz should be encouraged. For example, can this method detect the merge of two domains or the split of a single domain into a few new ones? Can this method detect scientific revolutions in other disciplines? Will it work with alternative representations of a knowledge domain, such as the preprint archives used by physicists and other sources? KDViz is a challenging route, but it is also potentially rewarding for scientists in so many different knowledge domains to have easy access to the big picture of their own fields.
